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Abstract
Chromatin accessibility captures in vivo protein-chromosome binding status, and is considered an informative proxy
for protein-DNA interactions. DNase I and Tn5 transposase assays require thousands to millions of fresh cells for
comprehensive chromatin mapping. Applying Tn5 tagmentation to hundreds of cells results in sparse chromatin
maps. We present a transposome hypersensitive sites sequencing assay for highly sensitive characterization of
chromatin accessibility. Linear amplification of accessible DNA ends with in vitro transcription, coupled with an
engineered Tn5 super-mutant, demonstrates improved sensitivity on limited input materials, and accessibility of
small regions near distal enhancers, compared with ATAC-seq.
Background
The accessibility of chromatin is a major determinant of
gene regulation. The chromatin landscape defines the
transcriptional regulatory networks that determine cellu-
lar identity and function as well as biological processes
involved in differentiation, proliferation, development,
and responses to the extracellular environment. Genome-
wide chromatin accessibility assays were first developed
utilizing cloning [1], then microarrays [2], and now exist-
ing assays such as DNase-seq [3], FAIRE-seq [4], and the
recently developed ATAC-seq [5] methods have been
shown to be remarkably powerful in defining the binding
status of transcription factors, determining nucleo-
some occupancy, and constructing gene regulatory net-
works [6–14]. Most recently accessibility has been
assayed at the single-cell level [15, 16]. However, the
resulting data are rather sparse, such that single-cell
analyses still need amalgamation of replicates for data
analysis and to call significantly accessible regions.
There is room for further improvement on the sensitiv-
ity of the tagmentation-based approach, which would
facilitate routine profiling of accessible chromatin on a
wide variety of samples with limited input.
The widely used DNase-Seq and ATAC-seq methods
have several areas that can be improved upon to increase
assay sensitivity. For DNase-Seq millions of cells are re-
quired for nuclei isolation, DNase I titration, down-
stream enzymatic reactions, and associated purification
steps for DNA end polishing and adaptor ligations [3].
These inefficiencies were addressed by ATAC-seq and its
usage of the Tn5 transposome system, which was origin-
ally developed for generating low input sequencing
libraries [17, 18]. With this method, chromatin accessi-
bility assays were demonstrated initially at the 50,000-
cell level, and more recently with single cells. However,
with the ATAC-seq method, we identified three aspects
that can be potentially improved to increase the assay
sensitivity. First, by design, the method uses PCR ampli-
fication immediately after Tn5 insertion, and only a frac-
tion of the ‘tagmented’ molecules can be amplified and
recovered, as not all inserted adaptor pairs are in the
correct orientation or have the appropriate spacing to
generate molecules of a size amenable to PCR amplifica-
tion. Second, buffer conditions are critical for Tn5 activ-
ity, and critical components such as dimethylformamide
(DMF) can be titrated for optimal Tn5 activity for asses-
sing chromatin accessibility, as well as determining the
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optimal concoction of buffer components [19]. Third,
the commercial EzTn5 transposase is a mutated version
of the wild-type Tn5 enzyme that has high activity for
random transposition [20, 21]. There is potential room
to further engineer the enzyme to achieve a more effi-
cient and specific insertion into open chromatin. Here
we present a systematic effort to greatly increase the
sensitivity of transposase-based DNA accessibility assays
through optimization of all three aspects.
Results and discussion
THS-seq design and implementation
We hypothesized that the limited sensitivity of ATAC-
seq is inherent in the method design, and is mainly due
to three factors. First, the Tn5 transposome complex in-
serts adaptors in random orientation, such that only half
of the molecules contain the adaptors in the orientation
required for PCR amplification. Second, only approxi-
mately 1 % of the genome is accessible in typical cells,
and the regions in which two adjacent transposition
events are too far apart cannot be amplified by PCR. In
fact, for this reason, the existing DNase-Seq method in-
cludes a fragmentation step to capture and sequence
only the flanking sequences immediately adjacent to
DNase I digestion sites, which effectively captures
single-digestion events. Third, accessible regions small in
length would have too few transposition events, and in
conjunction with losing half of the molecules due to in-
correct adaptor orientation, would not produce enough
molecules to form a detectible peak above background
levels of transposition events. Therefore, applying such a
fragmentation strategy to small numbers of cells or sin-
gle cells would result in low sensitivity, especially in the
small accessible regions. We therefore developed the
THS-seq method, which uses a customized Tn5 transpo-
some system to attach a T7 promoter [22–25] to the end
of every DNA molecule after in vitro transposition. The
end sequences of the insertion sites were then linearly
amplified with in vitro transcription by roughly 1,000-
fold, regardless of the distance between two adjacent
Tn5 insertion sites, and the resulting RNA molecules
were then converted into sequencing libraries efficiently
through seven enzymatic reactions (single-stranded
cDNA synthesis, RNase H digestion, double-stranded
cDNA synthesis, transposition, protease digestion, end
fill-in, and PCR amplification) (Fig. 1). To this end we
designed a custom transposon that, in addition to the
mosaic end sequences for transposase binding, includes
a T7 promoter sequence for in vitro transcription, and
an adaptor sequence compatible with constructing Illu-
mina sequencing libraries (Additional file 1: Figure S1).
Additionally, to address the efficiency loss from incor-
rect adaptor orientations that is seen with PCR-based
methods, the transposome complex dimer that consists
of two Tn5 molecules and two transposons, where one
Tn5 molecule is bound to one transposon, was designed
and generated so that every single insertion yields usable
ends regardless of the orientation of the transposon after
insertion. Successful insertion of our customized trans-
poson was confirmed by electrophoresis (Additional file 1:
Figure S2). Next, all proteins were removed by treatment
with guanidine hydrochloride, followed by end fill-in and
linear in vitro transcription amplification by T7 RNA
polymerase, which in theory has a lower bias compared
with exponential PCR amplification. The resulting RNA
molecules (Additional file 1: Figure S3a-d) were converted
to double-stranded cDNA, followed by a second round of
transposition to tag 3’-ends of double-stranded cDNA.
Transposase was digested by protease to release DNA
fragments and then to generate sequencing libraries, PCR
amplification was performed that added sequence
containing Illumina adaptors and a sample barcode
(Additional file 1: Figure S4a-d). Multiple samples were
tagged with sample-specific DNA barcodes, pooled, and
size selected for Illumina sequencing. Finally, we replaced
the standard EzTn5 transposase with a novel Tn5 super-
mutant (Tn5059), which resulted from a semi-rational de-
sign and has a higher activity and less sequence-specific
bias than EzTn5 on purified DNA. Concentration titra-
tions were performed on Tn5059 for optimal activity for
THS-seq with cellular input (Additional file 1: Figure S5a-
d), as well as development of an optimized tagmentation
reaction buffer that includes 16 % DMF (Additional file 1:
Figure S5e, f ).
THS-seq validation
To validate THS-Seq, we applied the method to 100
GM12878 lymphoblastoid cells, and generated 71.5 and
83.4 million Illumina sequencing reads per replicate.
After sequence alignment and clonal read removal, we
obtained roughly 11 million uniquely mapped reads for
each library. Each THS-seq unique read by design repre-
sents a unique transposon insertion event on a single
chromosomal molecule. Therefore, approximately 110,000
unique transposition events per cell was captured in our
dataset. We then performed peak calling with Dfilter [26],
and observed consistency in the base pair overlap called
between the two technical replicates (Fig. 2b, c). Chroma-
tin accessibility profiles mimicked published ENCODE
DNase I data of GM12878 (Fig. 2a). In comparison with
ENCODE reference data there was 61 % base pair overlap
with Duke data, and 70 % overlap with UW data from the
same cell line [27], and this was comparable to base pair
overlap between the ENCODE datasets from different labs
when overlapped against each other (Fig. 2d, Additional
file 1: Table S1). Additionally, base pair overlap between
published 50,000-cell ATAC-seq data and 100-cell THS-
seq/Tn5059 data was 61 %, which is comparable to
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ENCODE data base pair overlaps against themselves as
well as the number of peaks called and peak size distribu-
tions from published 50,000-cell ATAC-seq data, indi-
cating an approximately 500-fold improvement of
sensitivity (Fig. 2d-f, Additional file 1: Table S2). This
increase in sensitivity is accompanied by a 30 % increase
in the total base pairs called significant by 100-cell THS-
seq/Tn5059 over published 50,000-cell ATAC-seq data
(Additional file 1: Table S3). In contrast, the control
data generated from 6 ng of purified genomic DNA,
where all proteins have been removed and DNA is com-
pletely open, yielded mostly non-specific peaks that
have less than 1 % overlap with ENCODE datasets
(Fig. 2a, Additional file 1: Table S1). Furthermore, an
analysis by GREAT [28] shows accessible regions form a
bimodal distribution of peaks around transcription start
sites, suggesting that accessible regions largely lie over
regulatory non-coding regions (Additional file 1: Figure
S6a). Annotation of accessible regions identified enrich-
ment of immune system and B lymphocyte biological
processes, including interferon signaling, B cell receptor
signaling pathway, and B cell homeostasis, which are
known to be upregulated in EBV transformed lympho-
blastoid cells [29–31] (Additional file 1: Figure S7a).
There is a well-known limitation with ATAC-seq where
30–50 % of sequenced reads are clonal reads from the
mitochondrial genome, however with 100-cell THS-
seq/Tn5059, only 6 % of mapped reads came from the
mitochondrial genome (Additional file 1: Figure S8a-c).
Comparison of THS-seq and ATAC-seq with two
transposases: Tn5059 and EzTn5
We next sought to identify the contributions to the im-
proved sensitivity by individual components of THS-seq.
More specifically, we asked whether a direct replacement
of the transposase in ATAC-seq, which has fewer pro-
cessing steps, would lead to a similar level of improve-
ment, and whether Tn5059 led to a substantial
improvement over EzTn5 with the THS-seq protocol.
We used an input of 500 cells in order to directly com-
pare with published 500-cell ATAC-seq data [5]. We
performed ATAC-seq and THS-seq with EzTn5 and
Fig. 1 Schematic overview of THS-seq. High efficiency tagmentation is performed on gently lysed cells, followed by in vitro transcription, and custom
RNA-seq to generate barcoded sequencing libraries. The following colors depict the following segments: light gray segments are Tn5 mosaic ends
sequences, green segments are T7 promoter sequences, dark red segments are read primer sequences, dark blue segments are genomic DNA, light
blue segments are cDNA sequences, purple segments are 3’ adaptor sequences, orange and navy blue segments are Illumina adaptor sequences, and
yellow circles are barcodes
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Tn5059, generating data for all four combinations in two
replicates. To eliminate the effects of variable read depth
among different datasets, we down-sampled all datasets
to 8,351,125 uniquely aligned reads per sample, which
matched the sample with the lowest number of unique
alignments, and was adequate for generating accessibility
data metrics (Additional file 1: Figure S9, Table S3, Table
S4). Technical replicates consistently have high base pair
Fig. 2 Validation of 100-cell THS-seq/Tn5059 data against ENCODE data and ATAC-seq data. a 200 kb view of accessible chromatin marks in
GM12878 lymphoblastoid cells in 100-cell THS-seq/Tn5059 data, a purified DNA control, published ENCODE accessibility data from Duke and UW,
and ENCODE histone modifications which are often found near regulatory elements and promoters. b Correlation of 100-cell THS-seq/Tn5059
replicate 1 data and 100-cell THS-seq/Tn5059 replicate 2 data. c Base pair overlap of 100-cell THS-seq/Tn5059 replicate 1 data and 100-cell
THS-seq/Tn5059 replicate 2 data. d Base pair overlap between 100-cell THS-seq/Tn5059 replicate 2 data and ENCODE datasets, and ENCODE datasets
base pair overlap among themselves. 100-cell THS-seq/Tn5059 replicate 2 data were used in ENCODE comparisons because they had the most base
pairs in peaks called significant. e Peak size distributions between 100-cell THS-seq/Tn5059 datasets, and published 50,000-cell ATAC-seq datasets.
f Base pair overlap between 100-cell THS-seq/Tn5059 and published 50,000-cell ATAC-seq replicate 4 data. Published 50,000-cell ATAC-seq replicate 4
data were used since they had the most base pairs called significant compared to the other published 50,000-cell ATAC-seq datasets
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overlap, peak overlap, and correlations with each other
(Fig. 3a, Additional file 1: Figure S10a, S11a). 500-cell
THS-seq/Tn5059 consistently performs the best by gen-
erating 61 % more significant peaks, calling 54 % more
base pairs significant, having 45 % more peak overlap
with ENCODE UW peaks, having 16 % more peak over-
lap with ENCODE Duke peaks, and having 30 % more
base pairs overlapped with UW base pairs, when com-
pared with 500-cell ATAC-seq/EzTn5 data, which is the
next most comprehensive accessibility dataset (Fig. 3b-d,
Additional file 1: Figure S10b, c, S11b, Table S3). Peak
overlaps are comparable to ENCODE and published
50,000-cell ATAC-seq data overlap among themselves
(Additional file 1: Figure S10e). Pairwise comparisons of
peak overlap and base pair overlap between all four
combinations show that THS-seq or ATAC-seq against
each other, regardless of enzyme used, have the best
overlap (Additional file 1: Figure S12, S13). The two
most comprehensive datasets, 500-cell THS-seq/Tn5059
and 500-cell ATAC-seq/EzTn5, when overlapped against
each other, have 62 % of the same peaks covered, and
50 % of the same base pairs covered, of the total from
the 500-cell ATAC/EzTn5 dataset (Additional file 1:
Figure S12, S13). Interestingly 500-cell ATAC-seq/EzTn5
has 7.7 % more base pair overlap with Duke data than
500-cell THS-seq/Tn5059, possibly because 500-cell
ATAC-seq/EzTn5 data captures larger portions of peaks,
where THS-seq instead captures individual peaks in the
Fig. 3 Comparison between THS-seq/Tn5059, THS-seq/EzTn5, ATAC-seq/Tn5059, and ATAC-seq/EzTn5 with 500 cells of input material. All datasets
and replicates were down-sampled to 8,351,125 unique alignments before analysis. a Correlation between replicates for each experimental condition.
b Base pair overlap of each experimental condition with UW data. The replicate with the most base pairs called significant was used in analysis and
represented in each condition. UW data were chosen since they had the most base pairs called significant of the ENCODE datasets. c Total number of
peaks called by Dfilter for each condition. d Total number of base pairs under peaks called significant by Dfilter
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same region that are smaller (Additional file 1: Figure
S10b, S11b). This can be explained by the increased sensi-
tivity of THS-seq/Tn5059, which in this case would result
in less base pair coverage and more overlapping peaks
called. It could also be that the Duke data were generated
differently due to protocol differences, and is capturing
larger peaks [2, 3]. Compared with published 50,000-cell
ATAC-seq data, 500-cell THS-seq/Tn5059 has 49 % more
peak overlaps and 16 % more base pair overlaps than 500-
cell ATAC-seq/EzTn5. 500-cell THS-seq/Tn5059 data also
have more comparable peak overlap of 36,846 peaks to
published 50,000-cell ATAC-seq data and Duke data peak
overlap of 30,417 peaks, and 50,000-cell ATAC-seq and
UW data peak overlap of 35,501 peaks. 500-cell ATAC-
seq/EzTn5 peak overlap with 50,000-cell published
ATAC-seq data are comparably less than ENCODE data-
sets overlap with 50,000-cell published ATAC-seq data,
with 19 % less Duke data peak overlap, and 30 % less UW
data overlap, with 24,759 peaks. (Additional file 1: Figure
S10d, e, S11c). A higher fraction of overlapping peaks and
base pairs between THS-seq and ENCODE reference data
indicates that THS-seq not only has a higher sensitivity,
but also a higher specificity, which could be due to either
less sequence-specific bias or less off-target transposition
or both.
THS-seq with EzTn5 provides an obvious improve-
ment for all metrics over the published ATAC-seq data
from 500 cells [5]. Compared with the 500-cell data we
generated in this study using ATAC-seq/EzTn5 in our
optimized protocol, THS-seq/EzTn5 identified 25 %
more peaks that are smaller in size, such that 6.7 % less
base pairs were covered (Fig. 3b-d, Additional file 1:
Table S3). Unexpectedly, ATAC-seq/Tn5059 results in
the least number of peaks called, base pairs called sig-
nificant, and base pair overlap with ENCODE reference
data (Fig. 3b-d, Additional file 1: Table S3). This is also
reflected in the gene ontology analysis by GREAT [28],
which reported ontology categories mostly not involved
with immune system function for ATAC-seq/Tn5059
peaks (Additional file 1: Figure S7d). Furthermore, the
data are reflected when visually inspecting the data
tracts, where THS-seq/Tn5059 and ATAC-seq/EzTn5
have the most well defined peaks (Additional file 1:
Figure S14).
THS-seq and ATAC-seq, regardless of which enzyme
was used, identified similar numbers of peaks, 5,098-
7,310, within 5 kb of transcription start sites. However,
THS-seq called 1.5 to two times more peaks in distal re-
gions to transcription start sites, suggesting additional
regulatory regions are being captured by THS-seq that
are not being captured with ATAC-seq (Fig. 4e). This
leads to gene ontology descriptions that appear more de-
scriptive of GM12878 lymphoblastoids, such as the B
cell receptor signaling pathway, and B cell homeostasis
(Additional file 1: Figure S6, S7). Further inspection of
these gene enrichments reveals genes where 100- and
500-cell THS-seq/Tn5059 was able to identify accessible
regions, and 500-cell ATAC-seq/EzTn5 did not. Some
notable examples include ABCA12, FCRL4, IFI44,
PDGFD, and PHLDB2 (Additional file 1: Figure S15a-e).
Genes including BCL2, CASP3, CD38, the interferon
gene cluster and specifically IFNA2, and MAPK1 that
have major roles in cancer and in immune system func-
tion were enriched by both 100- and 500-cell THS-seq/
Tn5059 and 500-cell ATAC-seq/EzTn5, however 100-
and 500-cell THS-seq/Tn5059 called two to six times as
many peaks per gene region, and more accurately mir-
rored UW DNase-seq data from the same gene regions
(Additional file 1: Figure S16a-e). Consistent with pub-
lished results, ATAC-seq/EzTn5 mitochondrial reads
account for more than 30 % of the total reads, and ac-
count for three times the percentage of mapped reads
when compared to THS-seq. ATAC-seq/Tn5059 mito-
chondrial read percentages are similar to THS-seq, prob-
ably due to the difference of sequence preference between
EzTn5 and Tn5059 (Additional file 1: Figure S8a, b).
We next sought to further characterize and directly
compare the two most comprehensive datasets of 500-
cell THS-seq/Tn5059 and 500-cell ATAC-seq/EzTn5. In
order to determine the number of peaks that were found
unique between ENCODE UW data and 500-cell THS-
Seq/Tn5059 data, and not found by 500-cell ATAC-seq/
EzTn5 data, a union dataset was made. Here we found
500-cell THS-seq/Tn5059, 500-cell ATAC-seq/EzTn5,
and UW had 22,700 peaks in common, while 500-cell
THS-seq/Tn5059 data had 240 % more uniquely identi-
fied peaks that overlap with UW data than 500-cell
ATAC-seq/EzTn5 data (Fig. 4a-c). The same analysis
was performed with Duke data, though 9.3 % less peaks
were found in common between all datasets, and 500-
cell THS-seq/Tn5059 had 68 % more uniquely identified
peaks that overlap with Duke data than 500-cell ATAC-
seq/EzTn5 data (Fig. 4b, c). Next, we examined the dis-
tribution of peak sizes for each dataset, and found peaks
in the smaller size range of 100-1,200 base pairs and larger
size range of 1,300-3,000 base pairs, relative to 500-cell
ATAC-seq/EzTn5, are gained with 500-cell THS-seq/
Tn5059 (Fig. 4d, Additional file 1: Table S2). These peaks
are present in more proximal and distal regions from the
transcription start site, suggesting involvement in regula-
tory regions (Fig. 4e). The best published 50,000-cell
ATAC-seq datasets approach the capture rate of smaller
peaks by THS-seq/Tn5059, suggesting higher sensitivity
Tn5 based methods are able to capture these peaks
(Additional file 1: Figure S17f, g).
We next sought to confirm that these extra peaks 100-
1,200 base pairs in length are not artifacts generated by
THS-seq, but instead have biological significance. A
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possibility is that these smaller peaks overlap in portions
of larger peaks in 500-cell ATAC-seq/EzTn5 data, and
thus are being counted as parts of single large peaks, or
could be a unique set of called peaks. To investigate this,
we examined the total base pair overlap with ENCODE
Duke and UW DNase-Seq data for each individual peak
length. Since 75 % and 125 % more peaks in the size
range of 100-1,200 base pairs and 1,700-3,000 base pairs,
respectively, are identified by 500-cell THS-seq/Tn5059
(Fig. 4d), we would expect a marked increase in the
number of significant base pairs that overlap with EN-
CODE data at these peak lengths. Indeed, with EN-
CODE UW data as the reference we observed an
increase in overlapping base pairs in peaks 100-1,200
base pairs and 1,700-3,000 base pairs (Fig. 5a),
suggesting the additional small peaks detected by THS-
seq are also present in ENCOCE UW data. However,
when examining the Duke data, we found no difference
among all three datasets in overlapping base pairs with
peaks 100-1,200 base pairs, but more base pair overlap
with THS-seq data and Duke data in the range of 1,700-
3,000 base pairs (Fig 5b). Therefore, there is a difference
in the peaks called by the two ENCODE datasets (Duke
vs. UW) that needs to be taken into account during ana-
lysis. Interestingly, the spike in base pair overlap seen
from 1,300-1,600 base pairs in 500-cell ATAC-seq/
EzTn5 data is due to both ATAC-seq/EzTn5 and EN-
CODE Duke and UW data better capturing peaks in the
1,300-1,600 base pair size range (Fig. 5a, b, Additional
file 1: Figure S17a, b, e). Moreover, to further validate
Fig. 4 Comparison between the two most comprehensive datasets of 500-cell THS-seq/Tn5059 and 500-cell ATAC-seq/EzTn5. a Venn diagram
depicting peak overlap between 500-cell THS-seq/Tn5059, 500-cell ATAC-seq/EzTn5, and ENCODE UW data. A peak is shared if 1 base pair or more
overlaps with a peak in the dataset being compared to. b Venn diagram depicting peak overlap between 500-cell THS-seq/Tn5059, 500-cell
ATAC-seq/EzTn5, and ENCODE Duke data. A peak is shared if 1 base pair or more overlaps with a peak in the dataset being compared to. c Representation
of the number of peaks that are shared between all three datasets for UW data, peaks that are found by 500-cell THS-seq/Tn5059 data and ENCODE
UW data and not 500-cell ATAC-seq/EzTn5 data, and peaks that are found by 500-cell ATAC-seq/EzTn5 data and ENCODE UW data and not 500-cell
THS-seq/Tn5059 data. Also a representation of the number of peaks that are shared between all three datasets for Duke data, peak regions that
are found by 500-cell THS-seq/Tn5059 data and ENCODE Duke data and not 500-cell ATAC-seq/EzTn5 data, and peaks that are found by
500-cell ATAC-seq/EzTn5 data and ENCODE Duke data and not 500-cell THS-seq/Tn5059 data. d Comparison of peak size distributions. e Peak
distances from transcription start sites as determined by GREAT [28]
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Fig. 5 Validation of peaks based on peak length. a Base pair overlap with ENCODE UW data based on peak lengths for 100-cell and 500-cell THS-
seq/Tn5059 data, and 500-cell ATAC-seq/EzTn5 data. b Base pair overlap with ENCODE Duke data based on peak lengths for 100-cell and 500-cell
THS-seq/Tn5059 data, and 500-cell ATAC-seq/EzTn5 data. c The percentage more peaks found in 100-cell and 500-cell THS-seq/Tn5059 than in
500-cell ATAC-seq/EzTn5 data, and the percentage more normalized 100-cell and 500-cell THS-seq/Tn5059 and UW base pair overlap than in 500-
cell ATAC-seq/EzTn5. Normalizing was performed using the global base pair overlap values for each ENCODE dataset. d Zoom in on graph (c)
showing the peak lengths between 100-1,200 base pairs
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the extra peaks found with THS-seq/Tn5059, we exam-
ined the percentage more identified peaks than 500-cell
ATAC-seq/EzTn5, and the normalized THS-seq/Tn5059
and ENCODE UW overlap. We would expect that when
we see 60–80 % more peaks called in 500-cell THS-seq/
Tn5059 than ATAC-seq/EzTn5, we would see 40 % less
base pairs overlap, which is what is actually seen for
peaks 100-1,200 base pairs in length (Additional file 1:
Figure S18a, b). Global ENCODE UW overlap is 60 %
for 500-cell THS-seq/Tn5059 data, and 70 % for 100-cell
THS-seq/Tn5059 data. Normalizing THS-seq/Tn5059
and UW base pair overlap with those values shows the
extra peaks called by THS-seq/Tn5059 in the 100-1,200
base pair size range overlap at the expected percentages
(Fig. 5c, d). Additionally, there are more normalized base
pair overlaps with 100 base pair peaks and 1,700-3,000
base pair peaks in 100- and 500-cell THS-seq/Tn5059,
suggesting these peaks have higher base pair overlap then
the average global ENCODE UW overlap percentage
(Fig. 5c, d, Additional file 1: Figure S18a). This further
suggests these THS-seq peaks represent true accessible re-
gions, not artifacts.
Interestingly the same results are not reflected with
ENCODE Duke data when examining normalized THS-
seq/Tn5059 and ENCODE Duke base pair overlaps, when
normalized to ENCODE Duke global overlap of 61 % for
100-cell data, and 49 % for 500-cell data (Additional file 1:
Figure S18c-f). The normalized overlap percentage is
greatly below the percentage of peaks called, for peaks
100-1,200 base pairs in length, suggesting these peaks are
not present in ENCODE Duke data. The exception is with
normalized 500-cell THS-seq/Tn5059 ENCODE Duke
base pair overlaps, where peaks 100-300 base pairs in
length are above and closely match the percentage more
peaks, suggesting these additional peaks are also present
in ENCODE Duke data (Additional file 1: Figure S18e, f ).
Interestingly there are 70 % more normalized THS-seq/
Tn5059 and ENCODE Duke base pair overlaps with 100
base pair peaks, and more normalized base pair overlaps
with peaks greater than 1,700 base pairs, suggesting
these peaks have higher base pair overlap with EN-
CODE Duke data than the average global overlap per-
centage (Additional file 1: Figure S18e, f ). Overall, we
see some differences between THS-seq data and EN-
CODE Duke data that are not seen between THS-seq
and ENCODE UW data, which could be due to factors
such as protocol differences, sample preparation, or sto-
chastic differences in the GM12878 cells assayed.
We next investigated further the open chromatin re-
gions, or peaks, called with the four combinations. Both
THS-seq/Tn5059 and ATAC-seq/EzTn5 have high per-
centages of alignments in peaks, with 25 % and 27 %, re-
spectively. Replacement of EzTn5 with Tn5059 in THS-
seq results in 2.0 to 2.8 times more unique alignments in
peaks (Fig. 6a). From this it can be conjectured that
Tn5059 has higher preference for areas of open chromatin
and/or EzTn5 has a higher background sporadic transpos-
ition activity in more compact chromatin, which explains
how THS-seq with EzTn5 has significantly more back-
ground noise. For ATAC-seq with EzTn5, this is actually
beneficial when considering the areas directly adjacent to
an accessible region are semi-accessible. EzTn5 would in-
sert more into regions around an open region than would
Tn5059 and would generate more PCR viable fragments.
This then semi-compensates for the 50 % sample loss
from using ATAC-seq. Moreover, this explains how
ATAC-seq with Tn5059 has the least number of unique
alignments in peaks. Coupled with Tn5059’s more select-
ive insertion properties, ATAC-seq’s inherent 50 % sample
loss upon transposition dilutes the number of alignments
in any peaks by at least 50 %, and hinders capture of any
smaller regions of open chromatin. This is reflected in
peak size distributions, where both ATAC-seq/Tn5059
and THS-seq/EzTn5, have 49 % and 30 % of peaks, re-
spectively, in the size range of 100-300 base pairs long,
which is 2 to 3 times the number of peaks found in that
size range for THS-seq/Tn5059 or ATAC-seq/EzTn5
(Additional file 1: Figure S17c, d, Figure S19f, g, Table S2).
We hypothesized that higher background transposition
events with THS-seq/EzTn5, and sample loss with ATAC-
seq/Tn5059 raised the thresholds for calling significant
peaks, thus resulting in only the most significant portions
of peaks being called significant and leading to smaller
peak sizes. Further evidence reinforcing this interpretation
is seen when examining the number of unique alignments
within significantly called peaks, where THS-seq/EzTn5
and ATAC-seq/Tn5059 have the lowest with 11 % and
6.4 % of unique alignments in peaks, respectively (Fig. 6a).
Here, the percentage of alignments in peaks is indicative
of peak capture efficiency.
We next characterized peak capture bias in ATAC-seq,
where preferentially peaks of longer length were cap-
tured, and peaks of shorter length were lost. ATAC-seq/
EzTn5 had 20 % more alignments in the larger 30 % of
peaks than did THS-seq/Tn5059, and concomitantly
27 % less alignments in the smaller 70 % of peaks, respect-
ively (Fig. 6b, c). Moreover, this is further illustrated as
THS-seq/Tn5059 with both 100 and 500 cells of input ma-
terial has an even distribution of normalized alignments
over all peak lengths when compared to ATAC-seq/EzTn5,
where normalized alignments increase as peak length in-
creases beginning around a peak length of 1,300 base pairs
(Fig. 6d, Additional file 1: Figure S19a, b, d, e, h). The
trend of more alignments in larger peaks is method con-
sistent irrespective of enzyme used, and is seen in pub-
lished 50,000-cell ATAC-seq data, though less so with
published 500-cell ATAC-seq data due to sparse peak cap-
ture (Fig. 6b-f, Additional file 1: Figure S19a-c, Figure
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S20a, b). We hypothesize the reason for THS-seq’s more
uniform capture of accessible regions is due to method de-
sign, usage of Tn5059, and is a result of the length of amp-
lified molecules. The importance of fragment length in
determining the type of biological data captured has been
demonstrated with DNase-FLASH [32], and with THS-seq
the majority of fragments generated from in vitro tran-
scription were 400-2,000+ base pairs, while the majority of
fragments from PCR amplification with ATAC-seq were
200-800 base pairs (Additional file 1: Figure S3a, c). Add-
itionally, with THS-seq, the downstream transposition step
for addition of 3’ adaptors favors longer double-stranded
cDNA fragments. With longer fragment sizes and the hy-
pothesis Tn5059 has higher preference for open chroma-
tin, it is probable that THS-seq/Tn5059 is losing sample
due to insertions being too close to each other in access-
ible regions of longer length, which does not happen with
ATAC-seq since PCR amplification favors smaller frag-
ment sizes. This would lead to ATAC-seq’s preference for
capturing larger accessible regions. However, this does not
affect THS-seq peak capture, as this would only occur in
large regions of accessible chromatin. It is possible to
further modify the RNA processing method in THS-seq to
capture shorter fragments. Taken together, these data
demonstrated that THS-seq/Tn5059 is feasible and im-
proves upon current Tn5-based methods for measuring
chromatin accessibility with limited inputs. This is
achieved by reducing peak capture bias introduced by
ATAC-seq, while providing data from 100 cells compar-
able to DNase-seq on millions of cells, or ATAC-seq on
50,000 cells.
ATAC-seq improvements
Through optimizations to THS-seq, we inadvertently
have made substantial improvements to ATAC-seq/
EzTn5. Published 500-cell ATAC-seq data had on aver-
age 69 % less peaks called, 70 % less total base pairs
called significant, and 61–64 % less ENCODE base pair
overlap compared with published 50,000-cell ATAC-seq
data (Additional file 1: Figure S20a-d, Table S3). Upon
examination of peak size distributions, published 500-
cell ATAC-seq data replicate 2 had 78 % of all peaks in
the 100-300 base pair range, thus indicating high back-
ground noise, while replicate 1 had 17,331 peaks called
Fig. 6 THS-seq and ATAC-seq peak capture preferences and biases. All datasets and replicates were down-sampled to 8,351,125 unique alignments
before analysis. a Total percentage of unique alignments in peaks out of the 8,351,125 unique alignments for each dataset. b The percentage of
alignments that are in the larger 30 % of peaks called significant for each individual sample and replicate. c The percentage of alignments that are in
the smaller 70 % of peaks called significant for each individual sample and replicate. d-f For all peaks in each individual dataset, the normalized number
of alignments in each peak length, with peak lengths in increments of 100 base pairs, represented by mean ± SEM in (d) 100-cell THS-seq/Tn5059 data
and 500-cell ATAC-seq/EzTn5 data, (e) 500-cell THS-seq/EzTn5 data and 500-cell ATAC-seq/Tn5059 data, and (f) 100-cell THS-seq/Tn5059 data and
published 50,000-cell ATAC-seq data. Some data points were excluded from the graphs because values were beyond the axis, and the number of data
points excluded for each graph is: (d) 13, (e) 16, and (f) 8
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(Additional file 1: Figure S17h, Table S2, Table S3).
When we performed ATAC-seq/EzTn5, two changes
were made to the published protocol. First, the tagmen-
tation reaction contained 16 % DMF as final concentra-
tion in reaction, and second, after tagmentation protease
digestion was performed on tagmented DNA and any
cellular proteins in solution. These changes were able to
generate data from 500 cells that had 131 % more peaks
called, 169 % more base pairs called significant, and
141 % more ENCODE data base pair overlap than pub-
lished 500-cell ATAC-seq data. This in turn generates
data of higher quality, identifying more discernable chro-
matin accessibility peaks than published 500-cell ATAC-
seq data (Additional file 1: Figure S17e, g, h, Figure S21).
For 500 cells, our optimized ATAC-seq protocol with
EzTn5 produced data at a quality approaching that of
published 50,000-cell ATAC-seq data, albeit with 28 %
less peaks called, 20 % less base pairs called significant,
and 5–14 % less ENCODE base pair overlap (Additional
file 1: Figure S20a-d, Table S3). Together these data
illustrate how minor optimizations in protocol can
substantially improve ATAC-seq for assessing chro-
matin accessibility, however still to a lesser degree
than THS-seq/Tn5059.
Discussion
In summary, THS-seq achieves a high sensitivity and
specificity in detecting accessible chromatin by efficient
in vitro transposition with a customized transposon, an
optimized tagmentation buffer and an engineered Tn5
super-mutant, as well as linear RNA amplification of
tagmented DNA molecules. We have validated THS-
seq/Tn5059 against ENCODE data, and have shown it
captures many peaks ATAC-seq/EzTn5 does not, includ-
ing a large number of smaller peaks with probable roles
in more proximal and distal regulatory regions to tran-
scription start sites. The superior performance of THS-
seq with Tn5059 over ATAC-seq with either enzymes, or
THS-seq with EzTn5, represents an interesting case
where the contributions of individual components are
not additive, since changing the method from ATAC-seq
to THS-seq while keeping the original EzTn5 provides
only a subtle improvement, whereas replacing EzTn5
with Tn5059 is detrimental to ATAC-seq. Previously
uncharacterized ATAC-seq bias, where peaks of longer
length are preferentially captured, and peaks of shorter
length are lost, reduces the comprehensiveness of
ATAC-seq generated chromatin accessibility maps.
Furthermore, as an unexpected result of this study, an
optimized ATAC-seq protocol, is widely applicable to
many current and future studies on small numbers of
cells or single cells [16]. Although the lowest amount of
input material used in this study was 100 cells, THS-
seq is compatible with the high throughput
combinatorial cell barcoding strategy [15] and when
applied to single cells should lead to substantially
denser maps of single-cell chromatin accessibility. With
THS-seq, we captured >110,000 insertion events per
cell. This compares favorably with what was recently
reported with combinatorial ATAC-seq, which had a
median of 1,685 reads per cell, and scATAC-seq using
the C1 device to isolate single cells, with an average of
73,000 fragments per cell of those cells that pass filter
[15, 16]. Adaptation of THS-seq to the combinatorial
barcoding scheme will facilitate a much more compre-
hensive characterization of accessible chromatin land-
scapes in tens of thousands of single cells.
Online methods
Cell culture
GM12878 lymphoblastoid cells were obtained from
Coriell Cell Repositories and maintained in RPMI 1640
with 1 % Penstrip and 10 % FBS. Cells were kept in sus-
pension at 37 °C and were harvested when suspensions
reached optimal density. Cell numbers were quantitated
with a hemocytometer (Biorad), pelleted at 250 × g for
4 min and washed twice with a volume of PBS sufficient
to obtain approximately 1,000,000 cells per mL in ap-
proximately 1 mL of PBS, and diluted as needed in PBS
for experiments. All biological replicates were performed
with material from the same cell culture flask, with inde-
pendent running of the assays. When cells were diluted
to 100,000 cells per mL they were quantitated again on
the hemocytometer.
Transposome generation
The transposon consisted of two DNA fragments syn-
thesized by IDT, T7tspn-top2 (PAGE purified) and
T7tspn-bot (Additional file 1: Table S5). These two frag-
ments were incubated together to form annealed trans-
poson at a concentration of 30 μM per oligo in Qiagen EB
buffer for 2 min at 95 °C, and cooled to room temperature
at 0.1 °C/s. Transposome generation by addition of trans-
posase and annealed transposon, using either EzTn5 or
Tn5059 was performed at Illumina. Prepared transposome
was stored at −20 °C.
Cell lysis, tagmentation, and DNA fragment processing
Cells were concentrated and aliquoted so the total num-
ber of cells was present in 1 μL optimally. Cells were
lysed in 1× lysis buffer in reaction (10× concentration:
100 mM Tris-HCl pH 7.5, 100 mM NaCl, 30 mM
MgCl2, 1 % NP40), at room temperature for 3–5 min by
adding 1.0 μL of 2× lysis buffer to the cell mixture. Next,
the transposition reaction was carried out at 37 °C for
30 min by adding 1.0 μL tagmentation buffer (5× con-
centration: 165 mM Tris-OAc pH 7.8, 330 mM K-OAc,
50 mM Mg-OAc, 80 % dimethylformamide), 1.0 μL
Sos et al. Genome Biology  (2016) 17:20 Page 11 of 15
nuclease-free water, and 1.0 μL of prepared transpo-
somes (added last) to lysed cells for a total reaction vol-
ume of 5 μL. EzTn5 transposomes were added at a final
concentration in reaction of 0.5 μM, and Tn5059 trans-
posomes at a final concentration in reaction of 0.7 μM.
After transposition, reactions were brought to 15 μL
with nuclease-free water, and 15 μL of 8 M Guanidine
HCl was added to degrade chromatin associated pro-
teins and transposase. Next, reactions were purified
with 1.8× (54 μL) SPRI beads. After the final wash with
80 % ethanol and brief air drying of SPRI beads, 9.6 μL
of nuclease-free water was added. Importantly, the
purified DNA products were not eluted off beads, and
DNA products, nuclease-free water, and beads
remained together in solution. Gap fill-in was per-
formed by addition of 2.4 μL of 5X Taq polymerase so-
lution (NEB), mixed thoroughly, and incubated at 72 °
C for 3 min.
In vitro transcription
DNA was used directly, in the same tube, and remaining
in solution with SPRI beads after gap filling for in vitro
transcription. Standard protocol with the MAXIscript®
T7 Kit (Ambion) was followed. The 10× transcription
buffer was kept at room temperature, and if crystals
were present, heated slightly at 37 °C until crystals dis-
solved and returned to room temperature. Also as per
manufacturer’s recommendation, after briefly thawing,
ribonucleotides were stored on ice. Reactions were as-
sembled at room temperature, with addition of 2 μL 10×
transcription buffer, 1 μL 10 mM ATP, 1 μL 10 mM
CTP, 1 μL mM GTP, 1 μL 10 mM UTP, and 2 μL T7 en-
zyme mix to 12 μL of reaction products. Reactions were
incubated at 37 °C for 16-19 h. After in vitro tran-
scription, RNA was purified with Zymo RNA Clean
and Concentrator and eluted with 10 μL nuclease-
free water. For purification, reactions were brought to
40 μL with nuclease-free water before starting the
protocol, and whole reactions including SPRI beads
in solution were applied to the RNA purification col-
umn. Reaction products were visualized and quanti-
tated with a UV-transilluminator after running 1 μL of
IVT product on a 6 % Tris-Borate-Urea (TBU) gel for 20-
25 min at 250 V and staining with SYBR gold. For each
sample the region from 250 base pairs to 2,000 base pairs
was used for RNA quantitation and determination of the
volumes of product needed for input into RNA-seq pro-
cessing, since that portion of the gel is amplified RNA
product. Fifty nanograms of RNA were used for input into
RNA-seq processing.
RNA-seq (custom transposon mediated fragmentation)
For first stranded cDNA synthesis the standard Clontech
SMART MMLV reverse transcriptase protocol was
followed. 2.5 μL of 20 μM random hexamers were first
added to 50 ng RNA for each sample and incubated at
70 °C for 3 min then cooled immediately on ice. MMLV
reverse transcription mastermix was added to make a
20 μL total reaction volume, followed by incubation at
room temperature for 10 min, and then 42 °C for
60 min, and inactivated at 70 °C for 10 min. To remove
RNA in DNA/RNA hybrids, samples were incubated for
20 min with 0.5 Units/μL RNase H at 37 °C. DNA tem-
plates were primed with 2.5 μL 20 μM sss_NPA_prmr
(Additional file 1: Table S5) and incubated for 2 min at
65 °C then cooled immediately on ice. For second
stranded synthesis 5.88 μL of 5× Taq PCR master mix
(NEB) was incubated with samples at 72 °C for 8 min.
Next, 45 μL nuclease-free water was added to reactions,
and then double-stranded DNA was purified with SPRI
beads at 1:1.8× ratio (135 μL SPRI beads), eluted with
20 μL nuclease-free water and then concentrated to ap-
proximately 4 μL in a Eppendorf™ Vacufuge™ Concentra-
tor, set to 30 °C and spun for approximately 15–18 min.
Fragmentation and 3’ end tagging of double-stranded
cDNA was simultaneously performed by adding 1 μL
tagmentation buffer, and 1 μL loaded custom 0.1 μM
final in reaction EzTn5 transposomes (ME_BOT,
ME_TOP (Additional file 1: Table S5)) to the solution
and then incubating at 55 °C for 6 min, followed by
cooling on ice. The same tagmentation buffer that was
used in the transposition reaction for tagging open chro-
matin was used for this reaction. 0.14 μM final in reac-
tion Tn5059 can also be used in place of EzTn5 and
would provide better read diversity, however for this ex-
periment we did not have Tn5059 with ME_BOT and
ME_TOP available. Also, this transposome complex is
prepared the same way as described in transposome gen-
eration above, however with different oligos as specified.
Next, samples were incubated with 0.1 AU Qiagen pro-
tease at 50 °C for 10 min, then 70 °C for 20 min. Gap
fill-in was performed by addition of 6 μL of 2× Taq PCR
master mix (NEB), and incubated at 72 °C for 3 min. To
the sample, 9.0 μL of 2× Taq was added with 2 μL of
10 μM of 5’ PCR primer, 2 μL of 10 μM Index barcode
primer (for each individual unique sample) (Additional
file 1: Table S5), 1.0 μL of 25× SYBR green, 4 μL
nuclease-free water, and 12 μL of DNA template for a
30 μL PCR reaction. PCR cycling consisted of an initial
incubation at 72 °C for 3 min then 95 °C for 30 s and
cycling at 95 °C for 10 s, 63 °C for 30 s, and 72 °C for
3 min until curves reach saturation. Generally reactions
were stopped at the end of cycles 9 to 11. The products
of the PCR reactions were visualized and quantitated
with a UV-transilluminator after running 1 μL of PCR
product on a 6 % Tris-borate-EDTA (TBE) gel for
20 min at 250 V and staining with SYBR gold. Barcoded
samples were pooled and gel size selected for fragments
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between approximately 220-1,000 base pairs. Now librar-
ies were ready for sequencing.
Primary data processing
Sequencing was performed on HiSeq with 50 × 6 single
end reads with single 6 base pair indexing for THS-seq
data, and 50 × 8 × 8 single end reads with dual 8 base
pair indexing for ATAC-seq data. Technical replicates
were combined before analysis, while biological repli-
cates were kept separate. Any down-sampling of mapped
alignments was performed with in-house scripts ran-
domly sampling reads from the original datasets. Se-
quencing reads were first mapped to the hg19 reference
genome with BWA 0.7.5a-r405 using default parameters.
After conversion to a bam file with samtools, clonal
read removal was performed. For identifying signifi-
cantly enriched regions, Dfilter was used with default
parameters, unless stated. Overlaps were calculated
using the bedtools function coverageBed. Individual loci
read density data were extracted from BAM files, and
converted to wig files and examined as a custom tract
on the UCSC genome browser. Correlations were per-
formed and graphed in R, and peak distribution graphs
among other graphs were graphed with graphpad prism
version 5.0. Proportional Venn diagrams were gener-
ated with Venn Diagram Plotter, (http://omics.pnl.gov/
software/venn-diagram-plotter). Gene ontology ana-
lyses on significantly called peaks were performed with
GREAT [28].
Counting the number of alignments in peaks
Files with significantly called peaks generated by Dfilter
were used to obtain peaks regions called for each sam-
ple. To count all alignments in peaks, the function ‘sam-
tools view –Lh bam_files bed_region > > output’ was
used to output and concatenate alignments overlapping
the input BED peaks file to a new file, followed by
counting the number of reads total in the outputted file.
To count alignments in each individual peak, the func-
tion ‘samtools view –Lh bam_files bed_region > output’
was used for each individual peak, and then the num-
ber of alignments in each peak region was counted.
To get the normalized number of reads per 100 base
pairs, first any peaks that had zero alignments were
removed, and then the total number of reads for each
peak was divided by 100. Each dataset was sorted first
by the number of reads per 100 base pairs, and then
by peak length before plotting in Excel or GraphPad
Prism version 5.0. For calculating the mean ± SEM,
datasets with the normalized number of reads per 100
base pairs were saved as CSV files with peak length in
the first column, and reads per 100 base pairs in the
second column, and then run through an in-house
Python script calculating the mean ± SEM for each
peak length, with each peak length being in incre-
ments of 100 base pairs. Results were then graphed in
GraphPad Prism version 5.0.
Published ENCODE data analysis
Duke and UW ENCODE GM12878 lymphoblastoid data-
sets were downloaded from the UCSC genome browser
(data accessible at NCBI GEO database [33], accessions
GSM816665, GSM736496, GSM736620) and were proc-
essed using the same pipeline used to process THS-seq
and ATAC-seq data, except bowtie version 1.0.0 with
stringent parameters (bowtie -n1 -k1 –best –chunkmbs
10240 –strata -l32 -m1 -p4 –nomaqround –sam) was
used for mapping. To get the most comprehensive acces-
sibility data from Duke and UW, all replicates from each
respective dataset were combined before mapping. In
total, 144,738,228 and 47,417,059 total unique alignments
were used for analysis for Duke and UW, respectively.
Published ATAC-seq data analysis
All raw paired end ATAC-seq data for 50,000 cells and
500 cells was downloaded from GEO Gene Expression
Omnibus (data accessible at NCBI GEO accession
GSE47753). Only read 1 of the paired-end data was used
for analysis to provide a fair comparison to single end
THS-seq data. ATAC-seq read 1 datasets were then aligned
with BWA using default parameters. Down-sampling of
mapped alignments was performed with in-house scripts
randomly sampling reads from the original datasets, and
then run through Dfilter for calling of significant peaks.
Ethics approval
No ethical approval was required for this study.
Availability of data and materials
The data discussed in this publication have been depos-
ited in NCBI’s Gene Expression Omnibus [33] (depos-
ited 2015-08-14) and are accessible through GEO Series
accession number GSE72089 (http://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE72089).
Additional file
Additional file 1: Figure S1. Schematic of transposon design and
transposome complex generation. Figure S2. Validation of successful
transposon insertion and DNA fragmentation. Figure S3. Validation of
T7 in vitro transcription. Figure S4. Validation of PCR amplification for
barcode addition. Figure S5. Tn5059 concentration and
dimethylformamide titrations for optimal in vitro transcription
amplification yields. Figure S6. Comparison of peak region distances to
transcription start sites. Figure S7. Significant gene ontology biological
processes categories for each peaks dataset. Figure S8. Quantitation of
mitochondrial reads in all datasets. Figure S9. 100-cell THS-seq/Tn5059
read statistics analysis. Figure S10. Peak overlap comparisons in all
datasets. Figure S11. Base pair overlap comparisons in all datasets.
Figure S12. Examination of peak overlap in a pairwise comparison of all
Sos et al. Genome Biology  (2016) 17:20 Page 13 of 15
experimental datasets. Figure S13. Examination of base pair overlap in a
pairwise comparison of all experimental datasets. Figure S14. Two
hundred kilobyte view of accessible chromatin marks in 500-cell datasets.
Figure S15. Overview of chromatin accessibility at gene loci enriched in
100- and 500-cell THS-seq/Tn5059 data and not enriched in 500-cell
ATAC-seq/EzTn5 data. Figure S16. Overview of chromatin accessibility at
major genes implicated in cancer and in immune system function.
Figure S17. Peak size distribution comparisons between THS-seq, ATAC-
seq, and ENCODE data. Figure S18. Validation of peaks based on peak
length. Figure S19. THS-seq and ATAC-seq peak capture preferences.
Figure S20. Comparison of 500-cell ATAC-seq/EzTn5 data to published
ATAC-seq data. Figure S21. Two hundred kilobyte view of accessible
chromatin in ATAC-seq/EzTn5 data versus published ATAC-seq data.
Table S1. 100-cell THS-seq/Tn5059 data and controls with read statistics
and data analysis. Table S2. Peak size counts versus lengths of Dfilter
called peaks for each sample. Table S3. Analysis of datasets down-
sampled to 8,351,125 unique reads and analysis of published ATAC-seq
datasets. Table S4. Original datasets analysis results. Table S5. THS-seq
oligo sequences.
Competing interests
TO, AK, and MH declare competing financial interests in the form of paid
employment by Illumina, Inc.
Authors’ contributions
KZ oversaw the project. BS and KZ designed the THS-seq method. BS
performed THS-seq experiments and bioinformatics analysis. HF and DG
performed sequencing. TO, AK, and MH provided Tn5059 super-mutant. BS
and KZ wrote the manuscript with inputs from other authors. All authors
read and approved the final manuscript.
Acknowledgements
We thank B. Ren for initial discussion of tagmentation-based chromatin
accessibility assay. We also thank Andrew Richards for discussion of
alternative methods and help with troubleshooting, Erin Gudger for assistance
with performing and optimizing the THS-seq assay, and Dinh Diep, Chris Wei,
and Yan Wu for assistance and advice with bioinformatics data analysis.
Funding
This project was supported by NIH grants R01GM097253 and
R01AI095277-03S1.
Author details
1Department of Bioengineering, University of California San Diego, 9500
Gilman Drive, La Jolla, CA, USA. 2Biomedical Sciences Graduate Program,
University of California San Diego, 9500 Gilman Drive, La Jolla, CA, USA.
3Illumina Inc, 5200 Illumina Way, San Diego, CA, USA.
Received: 7 September 2015 Accepted: 18 January 2016
References
1. Sabo PJ, Humbert R, Hawrylycz M, Wallace JC, Dorschner MO, McArthur M,
et al. Genome-wide identification of DNasel hypersensitive sites using active
chromatin sequence libraries. Proc Natl Acad Sci U S A. 2004;101(13):4537–42.
2. Sabo PJ, Kuehn MS, Thurman R, Johnson BE, Johnson EM, Cao H, et al.
Genome-scale mapping of DNase I sensitivity in vivo using tiling DNA
microarrays. Nat Methods. 2006;3(7):511–8.
3. Song L, Crawford GE. DNase-seq: a high-resolution technique for mapping
active gene regulatory elements across the genome from mammalian cells.
Cold Spring Harb Protoc. 2010;2010(2):pdb prot5384.
4. Giresi PG, Kim J, McDaniell RM, Iyer VR, Lieb JD. FAIRE (Formaldehyde-Assisted
Isolation of Regulatory Elements) isolates active regulatory elements from
human chromatin. Genome Res. 2007;17(6):877–85.
5. Buenrostro JD, Giresi PG, Zaba LC, Chang HY, Greenleaf WJ. Transposition of
native chromatin for fast and sensitive epigenomic profiling of open
chromatin, DNA-binding proteins and nucleosome position. Nat Methods.
2013;10(12):1213–8.
6. Thurman RE, Rynes E, Humbert R, Vierstra J, Maurano MT, Haugen E, et al.
The accessible chromatin landscape of the human genome. Nature.
2012;489(7414):75–82.
7. John S, Sabo PJ, Thurman RE, Sung MH, Biddie SC, Johnson TA, et al.
Chromatin accessibility pre-determines glucocorticoid receptor binding
patterns. Nat Genet. 2011;43(3):264–8.
8. Neph S, Stergachis AB, Reynolds A, Sandstrom R, Borenstein E,
Stamatoyannopoulos JA. Circuitry and dynamics of human transcription
factor regulatory networks. Cell. 2012;150(6):1274–86.
9. Valouev A, Johnson SM, Boyd SD, Smith CL, Fire AZ, Sidow A.
Determinants of nucleosome organization in primary human cells.
Nature. 2011;474(7352):516–20.
10. Neph S, Vierstra J, Stergachis AB, Reynolds AP, Haugen E, Vernot B, et al. An
expansive human regulatory lexicon encoded in transcription factor
footprints. Nature. 2012;489(7414):83–90.
11. Segal E, Widom J. Poly(dA:dT) tracts: major determinants of nucleosome
organization. Curr Opin Struct Biol. 2009;19(1):65–71.
12. Natarajan A, Yardimci GG, Sheffield NC, Crawford GE, Ohler U. Predicting
cell-type-specific gene expression from regions of open chromatin. Genome
Res. 2012;22(9):1711–22.
13. Furey TS. ChIP-seq and beyond: new and improved methodologies to
detect and characterize protein-DNA interactions. Nat Rev Genet.
2012;13(12):840–52.
14. Song L, Zhang Z, Grasfeder LL, Boyle AP, Giresi PG, Lee BK, et al. Open
chromatin defined by DNaseI and FAIRE identifies regulatory elements that
shape cell-type identity. Genome Res. 2011;21(10):1757–67.
15. Cusanovich DA, Daza R, Adey A, Pliner HA, Christiansen L, Gunderson KL,
et al. Epigenetics. Multiplex single-cell profiling of chromatin accessibility by
combinatorial cellular indexing. Science. 2015;348(6237):910–4.
16. Buenrostro JD, Wu B, Litzenburger UM, Ruff D, Gonzales ML, Snyder MP,
et al. Single-cell chromatin accessibility reveals principles of regulatory
variation. Nature. 2015;523(7561):486–90.
17. Adey A, Morrison HG, Asan, Xun X, Kitzman JO, Turner EH, et al. Rapid, low-input,
low-bias construction of shotgun fragment libraries by high-density in vitro
transposition. Genome Biol. 2010;11(12):R119.
18. Caruccio N. Preparation of next-generation sequencing libraries using
Nextera technology: simultaneous DNA fragmentation and adaptor tagging
by in vitro transposition. Methods Mol Biol. 2011;733:241–55.
19. Picelli S, Bjorklund AK, Reinius B, Sagasser S, Winberg G, Sandberg R. Tn5
transposase and tagmentation procedures for massively scaled sequencing
projects. Genome Res. 2014;24(12):2033–40.
20. Naumann TA, Reznikoff WS. Tn5 transposase active site mutants. J Biol
Chem. 2002;277(20):17623–9.
21. Goryshin IY, Reznikoff WS. Tn5 in vitro transposition. J Biol Chem.
1998;273(13):7367–74.
22. Tabor S, Richardson CC. A bacteriophage T7 RNA polymerase/promoter
system for controlled exclusive expression of specific genes. 1985.
Biotechnology. 1992;24:280–4.
23. Hoeijmakers WA, Bartfai R, Francoijs KJ, Stunnenberg HG. Linear
amplification for deep sequencing. Nat Protoc. 2011;6(7):1026–36.
24. Hashimshony T, Wagner F, Sher N, Yanai I. CEL-Seq: single-cell RNA-Seq by
multiplexed linear amplification. Cell Rep. 2012;2(3):666–73.
25. Jaitin DA, Kenigsberg E, Keren-Shaul H, Elefant N, Paul F, Zaretsky I, et al.
Massively parallel single-cell RNA-seq for marker-free decomposition of
tissues into cell types. Science. 2014;343(6172):776–9.
26. Kumar V, Muratani M, Rayan NA, Kraus P, Lufkin T, Ng HH, et al. Uniform,
optimal signal processing of mapped deep-sequencing data. Nat
Biotechnol. 2013;31(7):615–22.
27. Rosenbloom KR, Sloan CA, Malladi VS, Dreszer TR, Learned K, Kirkup VM,
et al. ENCODE data in the UCSC Genome Browser: year 5 update. Nucleic
Acids Res. 2013;41(Database issue):D56–63.
28. McLean CY, Bristor D, Hiller M, Clarke SL, Schaar BT, Lowe CB, et al. GREAT
improves functional interpretation of cis-regulatory regions. Nat Biotechnol.
2010;28(5):495–501.
29. Carter KL, Cahir-McFarland E, Kieff E. Epstein-barr virus-induced changes in
B-lymphocyte gene expression. J Virol. 2002;76(20):10427–36.
30. Ersing I, Bernhardt K, Gewurz BE. NF-kappaB and IRF7 pathway activation by
Epstein-Barr virus Latent Membrane Protein 1. Viruses. 2013;5(6):1587–606.
31. Iskra S, Kalla M, Delecluse HJ, Hammerschmidt W, Moosmann A. Toll-like
receptor agonists synergistically increase proliferation and activation of B
cells by epstein-barr virus. J Virol. 2010;84(7):3612–23.
Sos et al. Genome Biology  (2016) 17:20 Page 14 of 15
32. Vierstra J, Wang H, John S, Sandstrom R, Stamatoyannopoulos JA. Coupling
transcription factor occupancy to nucleosome architecture with DNase-FLASH.
Nat Methods. 2014;11(1):66–72.
33. Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene
expression and hybridization array data repository. Nucleic Acids Res. 2002;
30(1):207–10.
•  We accept pre-submission inquiries 
•  Our selector tool helps you to find the most relevant journal
•  We provide round the clock customer support 
•  Convenient online submission
•  Thorough peer review
•  Inclusion in PubMed and all major indexing services 
•  Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit
Submit your next manuscript to BioMed Central 
and we will help you at every step:
Sos et al. Genome Biology  (2016) 17:20 Page 15 of 15
